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Abstract 
The objective of this paper is to design and develop a visualization system of the routine structure from wireless usage access. 
The system has the following features: (1) analyze the principal routine structures of each place, (2) cluster the places based on 
the principal routine, (3) cluster the time slots based on the principal routine, and (4) visual the principal routine structures in both 
time and place dimensions. For the analysis and clustering, we applied the eigendecomposition and a hierarchical clustering 
technique, respectively. The system provides the administrators and the stakeholders’ access online service under the authority 
control. The graphical user interface (GUI) of this system allows users select the date and time, and places for analysis and 
clustering. For our experiments, we developed an online system for visualizing routine structure of the university's staffs and 
students of Bangkok University, Thailand. The experimental results show the answers to the following questions: (1) the pattern 
of routine structure at places with the same functionality between two campuses, and (2) the pattern of routine structure at places 
with different functionality in one campus. 
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1. Introduction 
The Internet usage has become a fundamental of human needs in this current decade 2000s as the statistics of 
Internet penetration rates in percentage of world population and its growth rate during 2000-2014 are 42.3 and 
741.0, respectively [1]. Some world regions like North America, Australia, and Europe, show 87.7%, 72.9%, and 
70.5% of their population using the Internet. These statistics imply the Internet access corresponding to activities of 
daily living for people.  
With the advanced technology of smart devices, mobile devices such as smartphones, tablets, and smart-watches 
have become an ubiquitous computing which people can do the communication with friends, family, and co-
workers, constant Internet access, and all applications in one device like listen to music, photography, and 
navigation. For Internet access, mobile has overtaken fixed Internet access since 2014 in U.S. as shown by the 
digital time spent growth driven by applications [2] which the increasing rate of Internet time spent from mobile 
applications is +52 % from June 2013 to June 2014 comparing with those from desktops is +1%. It is obvious that 
mobile devices are everywhere these days.    
Adapting the technologies, policies used the location data from mobile phones as an efficient tool tracking a 
suspect via one's mobile phones. While the phone is turned on, the geographical location of a mobile phone can be 
determined easily. The location data is collected by the service provider of the mobile phone users. The location 
tracking database is not only used in criminal investigations but also in research studies. For example, the analysis of 
the location data of mobile phone users makes us understand individual human mobility patterns [3-6] beneficial to 
urban planning, traffic forecasting, and the spread of biological and mobile viruses. 
In the same manner, the WiFi usage data can be used as a reference to user location. For Internet connection, 
users' phone setting is the WiFi access as the priority instead of using 3G/4G because of their speed and cost [7]. 
The wireless access points (APs) are usually deployed in networks for offices, campuses, or enterprises. For 
campuses, the WiFi connection is essential for students and faculty staffs in the aspect of the academic and social 
lifestyle. The WiFi usage of students would be associated with the students' activities resided in a particular place.  
Studies of the WiFi usage in campuses have been done by Calabrese et. al. [8] and Sookhanaphibarn et.al. [9]. 
They presented an analysis approach of the location data from WiFi access so that the buildings having common 
usage characteristics will be grouping together. The analysis approach applied eigendecomposition to find the 
principal components of the location data set. The obtained principal components from the location data reflect real-
world, placed-based behaviors. 
The characteristics of our proposed visualization system as follows: 1) Analyze WiFi access timestamp, time 
spent and AP’s locations in real-time, 2) Explore space-time patterns of WiFi usage by adjusting variables and 
parameters via a graphical user interface (GUI), and 3) Present the analysis result in graphical information.  
This paper is organized as followings. Section 2 briefly addresses some applications of eigendecomposition for 
grouping areas and places and summarizes with a common framework for applying eigendecomposition. Section 3 
describes the proposed methodology for identifying the structured routine. This section has an assumption that the 
behavior structures will become more apparent when the behavior is temporal, spatially, and socially contextualized, 
the student routine will be dominated by a set of primary structures. Section 4 gives a case study in Bangkok 
University, Thailand and shows the experiments and their results. Section 5 will conclude the paper.  
2. Literature reviews 
2.1. Exhibition spaces and time spent 
The analysis of the visitor circulation [10] in museums and galleries has been investigated in both real and virtual 
worlds in order to increase the visitors' satisfactory. In some works, the visitor circulation infers the visitor traces 
including the spending time at each item and the sequence of visited items. The visitor traces were used to segment 
the exhibit space by grouping together similar objects in the same partition. The objects in the exhibit judged as the 
same or different groups are determined by the set of primary behaviors of the visitors. The primary behaviors are 
derived from the repeating and common movements of visitors in the same space. For example, in a museum, the 
4830   Kingkarn Sookhanaphibarn et al. /  Procedia Manufacturing  3 ( 2015 )  4828 – 4835 
most popular objects where a number of visitors spend much time are a potential factor to construct the common 
behavior structures.  
The authors in [11] proposed a use of eigendecomposition for the segmentation problem of exhibition space. In 
[11], the input data is the visitor circulation through museums and galleries because it potentially informs what 
visitors will see, where they focus their attention, and, ultimately, what they learn and/or experience. Their 
experiments were conducted on Ritsumeikan Digital Archiving Pavilion (RDAP) in Second Life and the MIT 
Museum. 
2.2. Virtual space and access time 
In Massively Multiplayer Online Games (MMOGs), movement directions of players can be identifiable because 
they are the repeating and common structures in the same virtual space. For example, in the locations where players 
go to receive a service, such as a quest or assistance, are potential factors to construct the common behavior 
structures. The authors [12] presented their method for discovering the primary players’ behaviors associated with 
the target space. In experiments, our approach was applied to real players’ movement obtained from Angel Love 
Online (ALO), a massively multiplayer online game. 
From [12], the discovered eigenbehaviors can be used for the reconstruction of the real behaviors of players of 
each region. These results are useful information for the ALO developers to identify the typical players or otherwise. 
Nevertheless, the results will provide some ways to improve the network quality.  
2.3. Campus and students’ life 
The technique of using decomposition was applied to the segmentation of campus universities. For example, the 
authors in [8,13-15] applied it to the data of WiFi network at the MIT because correlating data is as a consequence 
of network activity with the physical environment. Their approach provides an instant survey of building use across 
the entire campus at a surprisingly fine-grained level. Their methodology can discover the important information 
about activity distribution across campus without recourse to any reference data. For example, the particular area 
can be defined with their functions such as exclusively academic, incorporating classroom and administrative 
functions. To be beneficial for the campus universities, the resulting eigenvectors (namely eigenplaces) will provide 
the discovering knowledge for applications in network planning, traffic and tourism management, and even 
marketing. 
2.4. Summarized analysis process 
From the aforementioned applications, their methodologies were summarized in three main steps as follows:  
 
1) Input data preparation is the first step. Input data are scrupulously chosen to be an answer to the formulated 
questions. From the applications as mentioned earlier, the input data are traces: ex., traces of avatars in 
MMORGs, traces of visitors in exhibitions, art galleries, and museums. For acquisition of people movement, 
WiFi access log files are one of the most suitable sources.  
2) Intermediate data computation is the second step. Intermediate data are the feeding input before analysis, so-
called data representation. The data representation depends on the purpose of analysis. For more understanding, 
two examples are given. First, a matrix of WiFi usage time for representing a particular AP is used for grouping 
APs based on the usage. Second, a matrix of visiting time is used for grouping people based on visited locations. 
These matrices are a representative of an individual routine. 
3) Analysis and clustering are the final step. After preparing the intermediate data, we have a set of matrices each of 
which is a representative. Then, we start with transforming them to the zero-mean data, and computing their 
covariance matrix. After that, the covariance matrix will be decomposed via the SVD decomposition [12]. For 
analysis, we interpret the characteristics of either places or people from the resulting eigenvectors. Also, the 
classification is further applied to a set of the eigenvectors. The classification can be either supervising or 
unsupervised training techniques. For example, an unsupervised k-means clustering can be chosen.  
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In this paper, we applied all three steps to the WiFi access data to extract the spatial-temporal information of 
people as referred to the routine structure of people. The proposed system has been designed and implemented to be 
used with the online access and friendly used with GUI. This paper will explain a conceptual framework for the 
practical implementation of this analysis method and the presentation method of the results. 
3. Proposed system 
2.1. Conceptual framework  
The proposed framework consists of the offline and online processes as shown in Fig. 1. The offline processes 
are (1) data collection and preparation and (2) data conversion while the online processes are (3) user filtering, (4) 
data analysis, and (5) presentation of results. This framework is based on client-server architecture. 
2.2. Offline mode  
All two offline processes are resided on the server in which the WiFi access log files are located. Without loss of 
generality, we applied the framework to BU wireless system; then, the log files are formatted in CSV. In step (1) 
data collection, a new log file will be generated at every 15 minutes. According to a log file, we use only three 
attributes as follows: "AP id", "log-in time", and "time spent". For the data preparation, we also do the data cleaning 
process because of the following reasons: incomplete data files and inconsistent attribute format such as date-time 
format. 
In step (2) data conversion, we transform the attributes of "log-in time" and "time spent" to a binary matrix of 
access-time-slot data where each row represents the number of accesses for one day. For each day, there are 96-time 
slots correlated to the auto-saved of access log at every 15 minutes. The structure of the binary matrix is shown in 
Fig. 2. For the binary value, an element of the row will be one if and only if the time spent at that slot is greater than 
1% of a day; otherwise, the element will be zero. For example, time spent on WiFi during 8:01-8:15 was 15 minutes 
while total WiFi time spent on that day was 40 minutes. Then, the access at 33rd slot is equal to 1 because the 
percent of time spent at 33rd slot is 37.5%.  
In offline mode, a stack of CSV files will be transform to a set of binary matrices. Each matrix represents one AP 




















Fig. 1. Proposed framework for visualizing the routine structure. 













Fig. 2. Structure of a binary matrix of access-time-slot data. 
2.3. Online mode  
All three online processes (step 3-5) are run on the server side where the step (3) is a query instruction from a 
user, the step (4) is an aggregation among a set of AP id and a set of days selected by a user, and the step (5) process 
is a presentation of results. The step (3) and (5) will be described in Section 3.4 and 3.5, respectively.  
In step (4), Eigendecomposition has been adapted it and applied to extract the discriminant features from our 
spatial data. We represent the number of connections to an AP over time for a day as a vector and assembled the 
observations from all day into a single covariance matrix. Following eigendecomposition, we expressed each AP’s 
original signal for day i as a sum of the matrix’s eigenvectors as shown below: 
௜ܵ ൌ ܣ௜ଵࡱଵ ൅ ܣ௜ଶࡱଶ ൅ ڮ൅ ܣ௜௡ࡱ௡  (1) 
where an eigenvector ࡱ௜ , i=1,2,...,n, each modified by a coefficient ܣ௜ , i=1,2,...,n, particular to that day. So, we 
describe a signature Si observed at a randomly selected day i by (1). For another day j, we can describe signature Sj 
using the same vector set ࡱଵ throughࡱ௡, but with differing coefficient ܣ௝, j=1,2,...,n. 
Following the above description, the algorithm is written as below: 
 
1) Transform all row vectors Transform all row vectors ࢜௜to have a zero-mean data. The resulting matrix of 
association time will be written as follows: 
ܺ ൌ ൛ݒ௜௝ᇱ ȁ݅ ൌ ͳǡʹǡ ǥ ǡ ݊Ǣ ݆ ൌ ͳǡʹǡ ǥ ǡ݉ൟ (2) 






1) Compute the covariance matrix Cov(X) where ܺ is the matrix of association time of the considering AP 
ܣ ൌ ܥ݋ݒሺܺሻ (4) 
ܥ݋ݒሺܺሻ ൌ ்ܺܺ (5) 
2) Perform Singular Value Decomposition (SVD) of ሺሻ 
ܣ ൌ ܷȭ்ܸ  (6) 
where U is an n×n real or complex unitary matrix, ȭ is an n×m rectangular diagonal matrix with nonnegative real 
numbers on the diagonal, and VT (the conjugate transpose of V) is an m×m real or complex unitary matrix. 
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3) Compute the significance score (Score) that is correlated with the percentage of power in the original matrix A 
captured in the rank-k reconstruction by using the equation below: 






4) Indicate a set of primary eigenvectors ࡱ௜with a desired significance score. 
2.4. Graphical user interface  
A user can select only data of interest by filtering a range of dates and a set of APs. Our GUIs are intended to 
make the system "user-friendly" by simplifying tasks and decisions as shown in Fig. 3. The interaction allows users 
only filter by dates and APs with the standard interface design.  
2.5. Visualization  
In step (5), the system will present the result of the analysis process. The results are eigenvectors and clusters of 
time slots. Eigenvectors will be visualized with a tone-shading. Clusters will be shown in a hierarchical diagram of 
time slots. 
 
Fig. 3. GUI for visualizing a routine structure. 
  
4834   Kingkarn Sookhanaphibarn et al. /  Procedia Manufacturing  3 ( 2015 )  4828 – 4835 
Table 1. Detail of WiFi access log of Bangkok University. 
Descriptions City Campus Rangsit Campus 
Duration (Calendar) Aug 1, 2011 Until to Jul 31, 2012 
Duration (Academic Calendar) 3rd Quarter 2011 – 3rd Quarter 2012 (366 Days) 
Total number of AP log files 92 Files 110 Files 
Locations (Buildings, areas) 12 Locations 26 Locations 
Unique user devices 32,815 41,944 
4. Experiments and results 
The WiFi access log files were used in experiments, and its description in detail is shown in Table 1. The log files 
were kept in the system for the past one year during 1st August, 2011 - 31st July, 2012. Rangsit campus is 
significantly larger than city campus as shown by the number of WiFi locations (26:12). But the number of unique 
user devices between two campuses is not much different. It is because most students in the city campus also attended 
classrooms in Rangsit campus.  
For matching with the student activities in university campus, we designed the experiments to answer the 
following questions: (1) the pattern of routine structure at places with the same functionality between two campuses, 
and (2) the pattern of routine structure at places with different functionality in one campus. The experiments are 
conducted as follows: 
 
1) Select a set of APs with the same functionality of places, for example, classrooms in both City and Rangsit 
campus during the third semester (May 14 - July 1, 2012).  The result is shown in Table 2. 
 
Table 2. Summarization of the results from Experiment 1. 
Routine 
Structure 
Degree Canteen Library  Classroom 
City Rangsit City Rangsit  City Rangsit 
First primary Low 0:00-7:00 0:00-4:00 0:00-7:00 8:00-10:00  0:00-6:00 0:00-9:00 
 












High 21:00-23:00 18:00-23:00 13:00-19:00 18:00-20:00  13:00-19:00 13:00-18:00 
























High 11:00-14:00 8:00-11:00 
14:00-16:00 
18:00-20:00 10:00-14:00  8:00-10:00 7:00-13:00 
        
 
2) Select three groups of APs with distinct functionalities of places: canteen, library, and classrooms in City campus 
during the second semester (Jan 4 - May 13, 2012). The result is shown in Fig. 4 where the tone-shading is the 














Fig. 4. Visualization of the first primary routine structure of the students in City campus (corresponding to Experiment 2). 
5. Conclusions and discussions 
The WiFi service area is extensively provided to serve the increasing demand and easily found in the public 
places. The log files of APs can infer to the number of people connected to APs at particular date and time. This 
spatial information can be extracted by using our proposed system. The visualization of results is presented in the 
meaningful way as shown in the previous section. There are some discussions from Experiment 2 as follows. At 
canteen, it is very interesting that students decided not to have a small talk or leisure time during lunch by 12:00-
13:00. It is because the canteen was much very crowded. At library, there are full of students during 16:30-17:00 but 
very most crowded during 16:30-18:30. The reason is a connection period between graduate and undergraduate 
students. At classroom, the WiFi usage at classrooms is mostly from graduate students because most of them use the 
tablets, notebooks for searching, typing their short note, etc. The afternoon classes got busier than Morning when 
comparing with the morning classes. 
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